Abstract
INTRODUCTION
Education is widely acknowledged as one of the most powerful drivers of economic growth and development in all countries. Stimulating the school attendance as well as encouraging young people to enter the higher education represent priority objectives in most education policies, as part of most national and international short term and long term growth strategies (Raileanu and Tache, 2016) . Recently, education, alongside with the research and innovation activities, and the development of digital economy, have been considered as the main pillars of the "smart economic growth", which is a new type of economic growth mentioned into the European Union's 2020 Strategy (Palade and Bratucu, 2016) . In the framework of this new approach, not any type of economic growth is desirable for an economy, but only that model which is inclusive and sustainable in the long term. For instance, formal education reinforces, does not reverse, the intergenerational reproduction of inequality (Hopenhayn, 2011) .
The returns to education are particularly important because they reflect the influence of educational attainments on labour market earnings. They could therefore carry a strong impact on the performance of national education policies. In the literature, there is a broad strand of papers analysing the return to education, as well as the implications of education on economic growth and development. The topic of return to education has initially been addressed in the framework of the human capital theory by Becker (1964) and Mincer (1974) , where the education has been seen as a measure of the human capital accumulation. In the years that have followed, the Mincer's econometric specification has continuously been improved and applied to the analysis of different related issues such as school quality and effectiveness, discrimination, screening hypothesis etc., inter alia by Griliches (1977) , Wolpin (1977) , Psacharopoulos (1979) , Biddle and Hamermesh (1998), and Card (1999) . These studies also found substantial dispersion in earnings across the industries and sectors. More recently, another strand of the literature introduces education as an endogenous variable, and by using a wider set of estimators and different non-linear effects of education over time, finds significant different results compared to previous studies (C. Harmon et al., 2000) .
Still using the Mincer's econometric specification, Sapelli (2003) separately calculates the returns to education for each level of educational attainment in Chile. He finds that for each additional year of schooling, the rate of return to primary education to an individual is 7.1% and the rate of return to tertiary education is 22.8%. By introducing interaction explanatory variables (gender and race), Heckman et al. (2003) find a rate of return to education of 12.2% for white men and 15.2% for black men in the US.
Among the econometric techniques used to capture the variation in returns to education across occupation, experience, industry etc. there is the use of dummy variables and fixed effects approaches (Goux and Maurin, 1999; Mincer and Higuchi, 1988; Preston, 1997; Zanchi, 1998) . The broad methodological framework of measuring and analysing the returns to education also includes the multilevel analysis. Ignoring the hierarchical structure of data used in human capital analysis of earnings differentials may generate wrong results in testing of hypotheses and also in overlooking the importance of group effects (Goldstein, 1995) . With the multilevel analysis, it is possible to introduce explanatory variables at each level of a hierarchy, and moreover, the variation in earnings of employees can be explained upon contextual variables linked to the characteristics of higher level units. When examining a set of manufacturing data, Naderi and Mace (2003) point out the advantages of using this methodology when dealing with hierarchical data, as well as the explanatory power of human capital variables.
All over the European Union, education in general, and the access to education in particular, represents a major concern for all governments. This is because more schooling years provide better opportunities on the labour market, as well as higher salaries, and ensure a better quality of life for a lifetime. But this is not necessarily the same in other countries and regions in the world. The education attainments as well as the access to education are sometimes conditioned upon local traditions and policy priorities. The gender and race discrimination as well as the poor regional economic structures and regional disparities hamper the process of economic development and the progress of education policies.
The Latin American economies are characterised in general by a high regional economic heterogeneity and large regional income inequalities. These regional patterns strongly influence the national education policies, as well as the access to education.
Remarkable progress in the education upgrading of the Latin America's population has continuously been done since 1990, and this positive dynamic has often been associated to the reduction in social inequality and poverty rates. Among all levels of education, the secondary education has been found to have the most impressive dynamic. The proportion of population with at least secondary education attainments increased from 40% in 1990 to almost 60% in 2010 (Barro and Lee, 2010) . This dynamic has facilitated the development of skills that are generally acknowledged as stimulus for the increase of returns to education, greater equality of opportunity, economic growth and social inclusion.
According to the Human Development Reports of the United Nations Development Programme (2015) , which uses data on educational attainment from the UNESCO Institute for Statistics (2013) and the methodology from Barro and Lee (2013) , Ecuador belongs to the category of medium human development from the point of view of the education indicator: mean years of schooling. In last years a very active policy in the field of education has been implemented by the Ecuadorian government which tries to raise up the national performances in terms of education, and also to use this policy as an instrument to alleviate poverty and reduce income inequalities.
This paper aims to analyse the returns to education in Ecuador based on a crosssectional dataset that runs from 2005 to 2015, using the methodological framework of multilevel models. This methodology allows identifying the influence of both the individual level-and cantonal level-characteristics on the individual labour income. In subsidiary, the paper measures and analyses the impact of cantonal characteristics on the returns to education and therefore concludes over the importance of using multilevel models when dealing with regional data in the presence of high economic regional heterogeneity.
The paper is structured into four sections. In Background we present the aim and objectives, as well as a short literature review. The second section introduces the methodology, the third section is the empirical analysis, while the last section formulates the conclusions and policy recommendations. The empirical analysis is the most extensive section and includes a descriptive and a quantitative analysis.
METHODOLOGY AND DATA
This paper analyses the returns to education in Ecuador using cross-sectional data collected from ENEMDU 2000-2015 (National Survey on Employment, Unemployment and Underemployment) provided by the National Institute of Statistics and Census in Ecuador (INEC, 2015) . Our working dataset includes individual level-and canton level-variables. At the individual level, the variables are on gender, race, education attainments, work experience and job characteristics (public/ private employment and economic sector). At the cantonal level, the data are on the average number of years of schooling and average income.
To address the hierarchical structure of the dataset, the paper follows a multilevel approach and uses as econometric methods the random intercepts and random slopes/ coefficients models. The multilevel analysis is the appropriate methodology to be used whenever the data are clustered (i.e. nested data), as it is the case of our data. As in any linear regression model, in the multilevel framework as well, the dependent variable is explained through regression models upon a set of covariates. Specific to the multilevel analysis is that the dependent variable is usually considered at Level 1, whereas the explanatory variables could be at any level.
Several multilevel models were developed over time. The random-intercepts models are models in which intercepts are allowed to vary across groups, and slopes are fixed. Determining interclass correlations is particularly important when using this model. In contrast to them, the random slopes (coefficients) model assumes that both the intercepts and slopes vary across groups, being therefore considered to be the most complex and realist multilevel model.
When developing a multilevel model, one should always start by running the simplest model (e.g. the variance components model) and then to gradually add more parameters. The complex model must be always compared to the previous one in order to assess better model fit (e.g. using the likelihood-ratio test).
In this paper both the random intercept model and random slopes model are used. The linear random-intercept model with covariates is used in the empirical section to explain the returns to education upon a set of explanatory variables at the individual and cantonal levels, when individuals (at Level 1) are nested in cantons (at Level 2)
1 . With this model we presume that the impact of explanatory variables is constant across cantons. Even though this hypothesis might theoretically appear as unrealistic, we use this model for comparison purposes. This model, as presented in eq. (1), includes both fixed and random effects
Where, subscript i reflects the Level 1 and subscript j refers to Level 2, y ij is the dependent variable (i.e. the labour hourly income of individual i located in canton j), x ijp are the explanatory variables, and ε ij and Ϛ j are error terms. The Level-2 error term Ϛ j is a canton-specific error component, which is constant across individual. In eq. (1), the term β 1 +Ϛ j represents the canton-specific intercept. The Level-1 error term ε ij is the individualspecific error component that varies between individuals i and also between cantons j. The two error components are independent of each other. Ϛ j is the random parameter or canton-specific error component, whose variance Ψ is estimated together with the variance θ of the ε ij . It represents the unobserved heterogeneity or the combined effects of omitted canton characteristics. As all individuals within each canton share the same Ϛ j , there is within-canton dependence among the total error terms ε ij . The total error terms, as well as the dependent variable y ij , given the explanatory variables x ij, are homoscedastic, as shown in eq. (2) and (3).
The conditional interclass correlation of y ij and y i'j for canton j, given the set of explanatory variables, can be written as in eq. (4).
In the next step of our analysis we use the random-coefficient model, where random coefficients (also called random slopes) are introduced beside the random intercepts. The difference between the random intercept and the random-coefficient model is that the former specify a canton-specific random intercept, whereas the latter specifies not only a cantonspecific random intercept, but also a canton-specific random slope, as in eq. (5). and slopes Ϛ 2j are independent across cantons, and the Level-1 error terms are independent across cantons and individuals.
In eq. (5), given x ij , the random intercept and random slope follow a bivariate normal distribution with zero mean and covariance matrix of the form:
The correlation between the random intercept and slope can be written as in eq. (7):
When particularly studying education and other social settings, the random-coefficient model is generally presented into the two-steps formulation, because this allows a better understanding of the model by separating the Level-1 and Level-2 covariates.
In the two-stage formulation, the model includes canton-specific coefficients at Level 1, as shown in eq. (8):
where, η 1j is the canton-specific intercept, and η 2j is the canton-specific slope. Further on, the canton-specific coefficients are modelled as in eq. (8):
It is assumed that the error terms Ϛ 1j and Ϛ 2j in eq. (9) have a bivariate normal distribution, and covariance matrix of the form presented in eq. (6).
Although including random slopes generally allows enriching the empirical results, it could also generate a number of problems. First, including a random slope into the model (5) usually requires also including a random intercept for that covariate. Second, since there is a variance parameter for each random effect and a covariance parameter for each pair of random effects, the number of parameters in the random part of the model increases very fast with the number of random slope. Third, random-coefficient models are either not identified, or affected by convergence problems. Fourth, the covariate should exhibit a significant degree of variability at the lower level in order to justify the inclusion of random-coefficient.
By substituting eq. (9) in eq. (8) and rearranging the equations' terms, we get the reduced-form model: (10) is equivalent to the model in (5). The covariates at Level 2 are included in the Level 2 models (eq. 9) either for the random intercept, or for the random slope. If we include a categorical variable v 2j for the random intercept, then eq. (9) and (10) takes the following form:
If we include the categorical variable v 2j in the model for the random slope, then eq. (9) and eq. (10) become:
The model in eq. (14) reflects in fact the cross-level interactions in the reduced form.
EMPIRICAL ANALYSIS
The empirical analysis develops into two steps. In the first part, the descriptive analysis of data allows better understanding the cantonal pattern and the heterogeneity of our main variable of interest -number of years of schooling. In the second part, the quantitative analysis provides a more concrete and realistic picture of the impact of the cantonal level on the individual schooling performances.
Descriptive analysis
This section presents a descriptive analysis of the most important indicators in the field of education (or indirectly related to education) in Ecuador, as to provide to the reader a more comprehensive overview over the performances in education, their dynamics over time and the returns to education. This section is also aimed to allow a better understanding of the findings presented into the quantitative section of the paper. The Ecuador's economic bonanza in the last decades, which was mainly determined by the high prices of petroleum, has allowed the government to increase the public investment in the social sector, and particularly in education, from 2009 to 2013. According to the Ministry of Finance, in 2015 the budget for education accounted for 4.5% of GDP, being therefore the most important "social" budgetary destination. That year the budget for education represented 52.8% into the total social sector budget, while the health and welfare had only 27.6% and 12.6% respectively.
As indicated by Figure no. 1, substantial progress has been done over time in continuously reducing the illiteracy in Ecuador, so that in 2015 the illiteracy rate was the lowest in the last 15 years (5.5%). However, according to the National Institute of Statistics and Census in Ecuador (INEC, 2015) , there is a significant gender gap, as the female illiteracy rate is 6.7%, while the men illiteracy rate is 4.3%. Individuals aged 65 and over are the most exposed sub-group of population to illiteracy (24.5%). Source: ENEMDU 2000 -2015 (INEC, 2015 Figure no The average number of years of schooling, the young economically active population and the preference of highly educated people for certain economic sectors are among the most important characteristics of labour market in Ecuador.
Notes: The lack of information in 2002 is due to the fact that for this year only the urban illiteracy rate is available
The average number of years of schooling in Ecuador is 10 and includes only the primary education 3 . As regards the access to the tertiary education, in 2015, 21% of the population aged 24 or over graduated or was in train to graduate from a higher education institution. One of the most important peculiarities of the labour market in Ecuador is that the working age population is a very young one. For instance in 2015, 45.7% of the economically active population was aged 20-39.
In 2005 and 2015 most employees (60% of the total number of employees) were working in the following economic sectors: agriculture, trade, manufacturing and construction. In these sectors, the main educational background is given by the primary and secondary education (less than 13 years of schooling). But most employees with high educational attainments work in public administration and education (see Annex 1).
As shown in Table no . 1 the sector of manufacturing, construction and trade has the highest number of employees in 2005 and 2015, being then followed by the sector of agriculture, livestock, hunting, forestry and fishing whose weight is slightly decreasing over time. (2005) (2006) (2007) (2008) (2009) (2010) (2011) (2012) (2013) (2014) (2015) provided by INEC (2015) Upon the level of satisfaction with the working conditions, in Ecuador the employment is classified as appropriate and inappropriate. According to National Institute of Statistics and Census in Ecuador, the appropriate employment is defined as that type of employment accounting for more than 40 working hours per week and also a wage that is higher than the minimum wage in economy or than the wage corresponding to less than 40 working hours per week. All the other employments are defined as inappropriate. Among the latter category, the unemployment determined by insufficient salaries or insufficient number of working hours represents a major component. From 2005 to 2015, the number of appropriate employments has increased by 4% from 52% to 56%.
In 2015, a percentage of 28.6% individuals working in appropriate employments had tertiary education attainments, compared to only 7.8% who were working in inappropriate employments. This suggests the existence of a category of highly educated individuals (having more than 13 years of education), who still get wages that are below the minimum wage in Ecuador. This further indicates a very low return to education for this category of employees. It is interesting to note that the number of individuals with primary education attainments working in inappropriate employments is almost double than those working in appropriate employments (see Figure no. 2). The level of educational attainments therefore becomes very important in acquiring good working conditions, so it is likely that educated people have in general more access to much better working conditions.
Figure no. 3 shows that women have in general lower hourly average wages in comparison with men, although the former have higher average number of schooling years. These statistically significant differences indicate the existence of the gender wage gap in Ecuador. Moreover, the returns to education are significantly different between women and men. The private sector is widely acknowledged as being the engine of any economy. The state sector is equally important because the state ensures the free access to public services such as health, infrastructure and health. In Ecuador, 9 out of 10 employees work in the private sector, so that this sector includes most labour force in 2005, and in 2015 as well (see Figure no. 5) .
A large proportion of individuals with tertiary education and postgraduate attainments work in the public sector, and this proportion increases over time. While in 2005 a number of 3 out of 10 postgraduates from higher education institutions (e.g. Ph.D. holders) were working in the public sector, in 2015 almost half of them are employed in the public sector (4.5 out of 10). The percentage of graduates is also increasing from 2005 to 2015 (from 25% in 2005 to 31% in 2015). It is important to notice at this point that in Ecuador 50% of the highly educated employees work in education. 
Source: Own elaboration based on ENEMDU data (2005-2015) provided by INEC (2015) Figure no. 5 -Structure of employed population by education and public/private sector job
The return to education increases along with the educational attainments, so that an individual with postgraduate attainments has an average hourly income that is around 6 time higher than the income of an individual without education (see Table no . 2). The wage gaps are increasing from 2005 to 2015 for graduates and postgraduates. Source: ENEMDU data (2005 -2015 provided by INEC (2015) The economic sectors providing the highest average hourly wages in 2015 were: (1) Financial activities; (2) Public administration and education; (3) Mining and quarrying. The average hourly wage in these sectors are approximately three times higher than in agriculture, fishery and forestry where most people work (see Annex 2). This indicates once again the large income inequality that persist in the Ecuadorian economy.
In general, the average monthly wage increases with the level of education, but also depends upon the economic sector. An individual with postgraduate educational attainments could get the highest monthly salary in Ecuador for his education category when being employed in constructions. In contrast individuals with no education get the lowest wages in agriculture. Individuals with tertiary education attainments can get the maximum salary corresponding to their level of education when working in mining and quarrying. Figure no. 6 indicates once again the very large discrepancies in wages across the economic sectors and educational attainments, which suggests once again the broad range of returns to education in Ecuador.
Note: Inflation-adjusted values (Base: 2004=100)

Source: ENEMDU data (2005-2015) provided by INEC (2015) Figure no. 6 -Average monthly labor income by sector and level of education in 2015
The large differences in the levels of returns to education in Ecuador is a main determinant of social inequality and relative poverty. Moreover, the large concentration of highly educated employees in the state sector is likely to induce important income inequalities and large differences in the returns to education, aggravating therefore even more the social problems in Ecuador. In Figure no . 7 the relationship between the average cantonal income and the average cantonal years of schooling seems to be a direct one, in the sense that individuals have on average more years of schooling in the rich cantons, in comparison with the poor cantons. From another point of view, the data exhibit a large dispersion thus indicating a large regional heterogeneity at the cantonal level. The analysis also indicates the presence of a small group of outliers, but this aspect is widely explained in the literature on regional convergence in Ecuador (e.g. Mendieta Munoz, 2015) .
In Figure no . 8 below, the spatial representation of schooling performance across the Ecuadorian cantons suggests, once again, the high heterogeneity with the education attainments within Ecuador. Only few cantons have higher average rates of schooling performance, while the majority have rather lower rates. However, the most important finding that can be derived from Figure no. 8 is that there is also a large spatial heterogeneity, in the sense that neighbouring cantons do not share the same patterns with regard to the average number of schooling years. This suggests that the spatial econometric techniques are not appropriate to allow capturing the regional peculiarities of the Ecuadorian economy.
It is interesting to note that the Amazonian cantons have relative higher levels of average education attainments than expected. This is because the petroleum sector is mostly concentrated into the Amazon area, so that a lot of engineers are located here. The output from a number of four random intercept-and random slope models are examined in comparison with the output provided by the OLS estimator, when a set of variables are used to explain the labour income. The working dataset is composed of individual level data and cantonal level data. Given the hierarchical structure of our dataset, as explained in the previous section, the multilevel models represent the econometric techniques applied here, and whose results are reported in Table no. 3.
Quantitative analysis and discussion
The random intercept model (RI) is applied on two different sets on data (models 2 and 3), while the random slope model (RS) is used with and without cantonal level variables (models 4 and 5 respectively). The OLS model (model 1) is only used here for comparative purposes. The individual level variables in the field of education are: number of years of education (years education) and three interaction variables about the educational achievements (i.e. Prim. ed. * y. educ., Sec. Ed. * y. educ., and Tert. ed. * y. educ.) . The continuous variable about the work experience (Work exp.) and the dummy variable named "Emp. in priv sector" give insights to the participation on the labour market. A number of 8 dummy variables are used here to examine the impact of gender and race on the labour income (Men, Black, AfroEcu, Mulatto, Montubio, Mestizo, White and Other race). Other dummy variables identify the individuals' employment into different economic sectors: the primary sector including mining and quarries (Primary: Mining), the secondary sector including the industry, manufacturing, construction and trade (Secondary: Industry), and the tertiary sector which is formed of three different components. The first component includes the activities specific to services, health and hotels (Tertiary: Services); the second component delimitates the financial intermediation activities (Tertiary: Fin.interm.), and the third component groups together public administration and education (Tertiary: Pub.adm.-educ.) .
When comparing the OLS simple regression model and the random intercept model (models 1 and 2) we get close results. As expected, the OLS overestimates the regression coefficients, which is very obvious in the case of variables "Years education" and "Work exp". Ignoring the interclass correlations (i.e. between individuals which belong to the same canton) therefore lead to wrong overestimated random effects. Each additional year of schooling determines for every level of education a different return to education. The RS Models (4-5) provide in general lower estimates than the RI models (2-3) because the variance of data is explained by more variables.
In 2015 each additional year of education is found to increase the returns to education by almost 6% in the most complex specifications (models 3-5). This finding is in line with other empirical results in the literature, such as Devereux Devereux and Hart (2010) and Grenet (2009) . However we notice that from 2005 to 2015 there was a decrease of 1.5 pp. in the returns to each year of additional schooling (see Annex 3), that may suggests the effect of saturation sent by the labour market.
When interacting the number of years of schooling with the level of education, we get that in 2005, as well as in 2015, the returns to education increase with each level of education. According to our results, in 2015 the hourly incomes of postgraduates were 1.2% higher than the returns to tertiary education, 2.6% higher than the returns to secondary education, and 3% higher than the returns to primary education. In comparison with 2005, in 2015 the premium income earned by postgraduates in comparison with graduates has slightly increased by 2pp, maybe because of the overall need for highly qualified employees (e.g. Ph.D. holders). Model 5 (RS) Fixed effects Years education 0.0922*** 0.0863*** 0.0564*** 0.0563*** 0.0511*** Prim. ed. * y educ.
-0.0380*** -0.0384*** -0.0300*** -0.0298*** -0.0284*** Sec. ed. * y educ.
-0.0327*** -0.0327*** -0.0266*** -0.0265*** -0.0255*** Tert. ed. * y educ.
-0.0136*** -0.0138*** -0.0124*** -0.0124*** -0.0123*** Work exp 0.0214*** 0.0205*** 0.0168*** 0.0167*** 0.0166*** Work exp 2 -0.00034*** -0.00033*** -0.00029*** -0.00029*** -0.00028** The work experience increases the returns to education, so that one additional year of work experience increases the hourly income by 1.66%-1.68% (models 3-5) in 2015, which is lower than in 2005, when it ranges between 2.13%-2.16%. When being raised to power two, the variable work experience gives insights into the marginal effects. Under all specifications and models the coefficient is negative, which indicates that the work experience has decreasing marginal effect.
The gender pay gap increases from 2005, when men had hourly incomes by 21%-21.5% higher than women, to 2015, when men' incomes were by 26.8%-27.1% higher than women' incomes. The results are in line with other empirical findings. Rivera Vásquez (2015) finds that the gender pay gap was 12% and that it is decreasing over time. Cóndor Pumisacho (2010) finds that the gender pay gap is 21%.
The output from the multilevel regression analysis also suggests the existence of large racial pay gaps. The most disadvantaged ethnical group is represented by the indigenous people who get hourly incomes which are by 27%-28% lower than the white population incomes, 21%-22% lower than the Montubio and Mestizo population incomes, 17%-18% lower than the Black population incomes, 15%-17% lower than Mulatto incomes, and 14%-16% lower in comparison with the Afro-Ecuadorian population.
A very surprising empirical finding regards the returns to education for employees in the public versus private sector. In 2015 the returns to education in the public sector are with 56-57% higher than in the private sector. This represents a large increase from 2005, when the returns to education in the public sector were 37%-38% higher than in the private sector. In past years, the high remuneration of people working in the state sector is supported by the government revenue from petroleum export. However, the concentration of high returns to education in the state sector is not in line with the principles of a free market economy where they should go hand in hand with the work productivity and should therefore be specific to the private sector.
When analysing the returns to education upon economic sectors, we find that in 2005 and 2015 the highest returns were first in financial intermediaries (tertiary sector) and second in mining and quarries (primary sector), while the lowest returns were in agriculture, fishery and forestry, followed by the secondary sector (industry, manufacturing, construction and trade).
In the RS model, whose results are reported in models 4 and 5, a random slope is introduced for the variable "Years education". By this specification we assume that the effect of the number of schooling years on the hourly income is different across cantons. This assumption is required by the large regional economic heterogeneity and also by the heterogeneous returns to education indicated by the descriptive analysis conducted in the previous section. The estimates provided by models 3 (RI) and 4 (RS) are very similar. The supplementary empirical evidence brought by models (4) and (5) is that the returns to education are likely to be higher in cantons where the average income is higher and the average years of schooling is lower. This finding is in line with our expectations because (1) rich cantons provide better opportunities on the labour market, and (2) educated employees are generally better remunerated where the competition among employees on the labour market is rather low.
The random effects reported in the second part of Table no . 3 allow determining the variance partition coefficient (VPC), which is the percentage variance explained by the higher level (canton). In 2005 as well as in 2015, a percentage of 8-12% of the variance in individuals' hourly incomes can be attributed to differences between cantons. The betweencanton (Level 2) variance in hourly income is estimated as 5%-8%, and the within-cantons between-individuals (Level 1) variance is estimated as 50%-60%.
CONCLUSIONS
This paper was aimed to examine the returns to education in Ecuador using the multilevel analysis, which allows here capturing the regional economic heterogeneity through a two level-approach: individuals at Level 1, and cantons at Level 2.
The descriptive analysis, as well as the quantitative approach, has revealed a series of conclusions that will be summarized as follows. First, the higher the level of education, the higher the rate of return to education. In 2015 each additional year of education is found to increase the returns to education by almost 6% and more specifically, the hourly incomes of postgraduates are 1.2% higher than the returns to tertiary education, 2.6% higher than the returns to secondary education, and 3% higher than the returns to primary education. In general, the returns to education are found to be higher for each additional year of schooling, so that education could be seen as one of the most effective policy measures against poverty and income inequality.
A number of control variables are included in most econometric models, such as ethnical groups, gender, economic sectors and type of employment (public versus private). When controlling for a larger number of control variables, the rates of return to education are found to be in line with the literature (e.g. C. Harmon et al., 2000 , C. P. Harmon et al., 2003 .
The highest remunerations are in financial intermediation and in activities specific to the primary sector (mining and quarrying), while the lowest are in agriculture, livestock, fishing and hunting. The gender pay gap and race pay gap are important forms of discrimination on the Ecuadorian labour market. The highest incomes (especially for graduates and postgraduates) are provided by the state sector, which could be seen as surprising and in contrast to experiences of advanced economies. The introduction of canton-level explanatory variables allows finding that higher individual hourly incomes are more likely to be obtained in richer cantons and also in cantons where the average number of schooling years is rather low.
According to the random effects output and following the most complex specification, a percentage of 12% of the variance in individuals' hourly incomes is found to be determined by differences between cantons.
In conclusion, the multilevel approach allows determining and also analysing the returns to education when they are strongly influenced by regional specific characteristics. With multilevel models, one can also examine the impact of cantonal characteristics on the individual level-dependent variable, as well as including both the individual level-and cantonal levelexplanatory variables. Moreover, the multilevel analysis allows dealing with the interclass correlations (i.e. the between-individuals within-cantons correlations) which could be important when the regional peculiarities are also important, as it is the Ecuador's case.
The implications of empirical results for policy makers are threefold. First, the national authorities must continue implementing effective education policies to ensure the free access to education and to also encourage people staying more years in education. Second, antidiscrimination policies must be designed by governments as to eliminate the gender and race pay gaps, and to therefore ensure equal conditions on the labour market for all citizens. Third, the process of regional economic convergence must continue and to finally determine the elimination of the regional economic heterogeneity that carries a negative impact on the regional dispersion of the returns to education as well. 
